In this paper, a technique based on genetic algorithms is proposed for improving the accuracy of solar cell parameters extracted using conventional techniques. The approach is based on formulating the parameter extraction as a search and optimization problem. Current-voltage data used were generated by simulating a two-diode solar cell model of specified parameters. The genetic algorithm search range that simulates the error in the extracted parameters was varied from ±5 to ±100% of the specified parameter values. Results obtained show that for a simulated error of ±5% in the solar cell model values, the deviation of the extracted parameters varied from 0.1 to 1% of the specified values. Even with a simulated error of as high as ±100%, the resulting deviation only varied from 2 to 36%. The performance of this technique is also shown to surpass the quasi-Newton method, a calculus-based search and optimization algorithm.
Introduction
Accurate extraction and optimization of solar cells and solar panel parameters are very important in improving the device quality during fabrication and in device modelling and simulation [1] [2] [3] . The series resistance for instance, has a significant effect on both the fill factor and the conversion efficiency [3, 4] . Solar cell and panel circuit parameters are conventionally extracted from either the load I -V data measured under illumination or in the dark. Several methods for solar cell parameter extraction using the I -V characteristics have been proposed [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] [11] . The direct approaches are based on the use of the I -V curve features such as the axis intercepts and the gradients at selected points to determine some of the cell parameters. The accuracy of these techniques is therefore limited by the accuracy of the measured data, the errors introduced by numerical differentiation and the simplified formulae used for parameter extraction. The other approaches for parameter extraction rely on the use of fitting algorithms to determine the solar cell parameters. Their accuracy depends on the applied fitting algorithm, the user defined error function and the starting values of the parameters to be fitted [1] .
In this context, we propose a novel technique based on genetic algorithms for improving the accuracy of solar cell parameters extracted using direct techniques. The underlying concept is to formulate the solar cell parameter extraction as a search and optimization problem for a two-diode model. The application of this technique in practice would entail using one of the existing techniques to determine approximate starting values for these parameters. The proposed genetic algorithm method may then be used to refine these values.
Two-diode model of a solar cell
With reference to figure 1, the current-voltage relation of a twodiode model for a silicon solar cell may be expressed as [12] I L = −I ph + I D1 + I D2 + I sh (1) where I ph is the cell-generated photocurrent,
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In the equations above, R s and R sh are the series and shunt resistances respectively, I SD1 and I SD2 are the diffusion and saturation currents respectively, n 1 and n 2 are the diffusion and recombination diode ideality factors, k is Boltzmann's constant, q is the electronic charge and T is the temperature in kelvin.
From the above equations, it is seen that the solar cell parameter extraction problem reduces to determination of the seven parameters (R s , R sh , I ph , I SD1 , I SD2 , n 1 and n 2 ) from the I -V characteristics. In this paper, this process is formulated, using genetic algorithms, as a search and optimization procedure as discussed below.
Genetic algorithms
Genetic algorithms (GAs) are a subclass of what are known as evolutionary algorithms [13] . These are computational models that mimic natural evolution in their design and implementation; i.e. they are based on survival of the fittest. GAs differ from conventional search techniques in that they operate on a coded parameter set of the solution, are global in their search, make use of a cost function that does not involve derivatives and finally employ pseudo-probabilistic rules and not deterministic ones. Genetic algorithms have been used in recent years in solving optimization problems in science and engineering applications [14, 15] . Implementation of GAs involves making the following preliminary decisions. single-point crossover where binary encoding is used, a locus (bit location) is randomly chosen. Bits after that locus are exchanged between two chromosomes to create two offspring (new solutions). Mutation on the other hand involves randomly flipping some of the bits in a string (chromosome). A very small probability is usually attached to occurrence of mutation at each bit location (e.g. 0.001). This operation is performed to ensure that new areas of the solution are explored. (6) Termination criteria. The algorithm can be terminated if the maximum number of generations (iterations) is achieved, or convergence of the solution is attained (i.e. all solutions yield the same fitness value or differ by less than a specified tolerance).
Based on the decisions made above, the search algorithm can be invoked. Figure 2 illustrates a typical GA flowchart.
GA implementation for solar cell parameter extraction
A Matlab implementation of a GA [16] is used to extract the parameters of a solar cell under illumination. Implementation of the GA for solar cell parameter extraction was based on the following.
• Solution encoding: floating point representation.
• Parameter precision: 10 −6 . • Evaluation function: based on equation (1) (5) where all the variables are as defined before. (The GA program used [16] was developed for maximization of a multivariable function. Thus, −f 2 (. . .) was used as the cost function and the optimal solution is attained when f 2 (. . .) = 0.) • Initial population generation: randomly generated and of size ten.
• Selection criterion: roulette wheel.
• Crossover: simple crossover with two calls per generation.
• Mutation: boundary mutation with four calls per generation.
• Maximum number of generations: 25.
A set of values for the I -V characteristics serves as the input data for the GA. The parameters that are extracted by optimization are I ph , I SD1 , I SD2 , R sh , R s , n 1 and n 2 .
Theoretically, the cost function should be zero for any I -V Cell-generated photocurrent Diffusion saturation current Recombination saturation current Figure 3 . Relative error in the extracted diffusion current I SD1 , saturation current I SD2 and cell-generated photocurrent I ph , before and after applying genetic algorithms. pair when the exact value has been determined for each and every parameter. Before invoking the genetic algorithms, a search range has to be set for the solar cell parameters. Each range was centred on the specified value of the parameter and varied by ±5 to ±100%. The deviation between the extracted and the specified values of the parameters is then computed for each range. This is done because existing extraction techniques have different degrees of accuracies in determining solar cell parameters. A discussion of the results obtained using GA and a comparison with results of the quasi-Newton (QN) method [17] , a calculus-based search and optimization technique, follow.
Results
The Error in extracted parameter before applying genetic algorithms (%) Diffusion ideality factor Saturation ideality factor Figure 5 . Relative error in the extracted diffusion diode ideality factor n 1 and recombination diode ideality factor n 2 , before and after applying genetic algorithms.
Matlab is run for a set of search ranges of the parameter values used in the model. Expressed as percentages, the search ranges are varied from ±5 to ±100% of the model values. The relative errors obtained with respect to the model values are averaged for ten different runs of the GA algorithm. The outcome of the simulations is shown in figures 3-5. With reference to these figures, one can see that the worst-case error is about 35% for n 1 and I ph when the search range is ±100% for each of the specified values. However, for some other parameters the error can be as low as 2%, for I SD1 , and about 7%, for the series resistance R s . The same set of I -V data of the GA algorithm was also processed using the E04JYF NAG Fortran Library Routine [18] . This routine is a QN algorithm for finding a minimum of a multivariable function subject to fixed upper and lower bounds on its independent variables. The results obtained for a search range of up to 40% of the specified solar cell parameters are shown in figure 6(a) . It is seen that the error in the extracted parameters varies from 0 to 40% when using the QN algorithm. However, with the GA, the variation is only up to 15% as shown in figure 6(b) for the same search range.
These results show that the use of genetic algorithms for solar cell parameter extraction significantly decreases the error in the extracted values and hence improves the accuracy of the determined parameters.
Conclusions
A technique for improving the accuracy of the extracted values of solar cell parameters using genetic algorithms has been implemented. It is based on formulating the parameter extraction problem as a search and optimization one. Since determination of the search range is of importance in applying this technique, one of the known extraction methods is to be used to determine approximate values for the solar cell parameters. The present method is then used to improve the accuracy of the extracted values. The error in a parameter such as series resistance, whose value has been determined initially to within ±100%, can be reduced to less than ±7% with the proposed technique. The results obtained, when compared with the QN method, indicate the viability of using genetic algorithms in reducing significantly the error in the extracted parameters for solar cells.
